NT R ReRAR: nEREFERIA A EATRIRE T, =i f 2R

N )4
N QJ/P
LJ tr j J J Wbk B, 18183
(. |

“Quick to Listen, Slow to Speak”

SN ZUIRIA
\ \ A LY [T J - James 1:19
T N\ ol N\ N {/ ¢

—0



1. £ (intelligence) W E E H M B K BH (Extreme compression)

AR S

« ¥ XREFERME (isomorphic) Y& (8 45 7
« BREBRERAUER NI B EggEs

(a) tHEFRELE VML 258 (HEBMIFRZEAFEAD (patterns) > ZfEEMN
(sparse and low-dimensional, clustered)

(b) HZAFHIRG ZE BB BB AN R IREARY - 2 A B AR (rules and laws) ZRIRHHY -

= Y, BEERRANFES(BEF 3:11)
= I EE, ENEE, —#E, ENER, ReH RS, ENER, &
B, BNEE, ## N FA, (RIHEIE 7:14)



AT

i
e

A7

Z& E WY

%

—+

L[

2. A A (LLM) A FEZEEMA| (grammatic rules) XETEE.

« Wi EHKEERE A (self-attention) ¥, € B E 4 KB & (semantic) #HRE
W KF i B (feature embeddings) .
- FEMEW
CROFREER, EEREEE (2] e showed | &
= S ~_purpose 4 goal =
o FTAHEEEAVEE — Qg Ezziit@&““* Implemented g
N | = | Communicated > acL;::ge,stood 1=
.g ideas meaning g
¢ m:l/gé‘i*% jﬁ‘EEU H:ﬁ[] {Tﬂaﬁﬁ ﬂ:%? g E;d:oned Un:erstood %
é Transmitted 0 Riceived E
F Tsignal 2
Em s BT MR E B - SEESKET
# 2 Genesis 2:19-20: HF A &£ 4% A + Br i K W F M A M L B Z 7 &R
wE A ABE, BEMAMMA L2 AAEEMBFENED, A RE T
ANE S — 1% 5 0 2F Wy, B & 8 HKLT L




N L geiVEE A S 4845
3. ATAREHEA (LM REAFEWHEENHAAERN R ERELR,

+ BRARAMKEAIWHAANKETRE. ERVFEFEHEALRA LR,
+ ZEFERMWF T (token) BB W R IR E T 712 B By & &

May’%‘%E BR . HA, B (£F), HWE

R R MR ETEXNAR DR ETRE, BEREEFEATHEREN LT XE, th
""Jg BERFREZ XK.

— — May: 7 A, 100. 0% b. & LT X #April/Junedy & & v & FiMay
e e &, 0.0% " W R e & B A UE R 7 (self-attention)
FTEE, 0. 0% WMEMAEELER, 7/ “ZA” WEEHR
s Q- BERA, HMERHEWE. &R,

[ XA E: B &M ERE
Conteijt correlation: self-attention Eﬁﬁﬁaﬁﬁﬁﬁzﬁ@ﬁﬁ “—EH 7 /E\%o

Transformer Encoder May:*ﬁgﬂ’ g’ggg’ . a MayW e 2 S B RIWB WM&,
7 o b 33:30/: BETHEENE MR —R.

@7(’_\

| scheduled doctor's appointments for May and June, but realized too late that - would have
been a more convenient month to get them all done before the weather warmed up.



LLM¥]

Oput @ @ © O O 0O 0090 0OG OGO O

Hdden 5 0 0000000000000

Layer

Hdden 5 0 0 000000000000

Layer

Hdden 5 0 0 000000000000

Layer

Inpm\..............'.}‘

H

I%El

J

|

s

Context window

)

X

|4% (Autoregressive Training)

N

.%

e

appending



L

AN T ERetET2r E7E Al Seminar Topics
Tme |

l

02/01 ATEEHELRE The Physical Essence of Intelligence
0328 #BWKE: ZRWES  TheEssenceofReasoning:ThinkbeforeYouspesk

E=WAE: R EE A The Essence of language: In the Beginning was Information

» BRI AE: A4 EE The Essence of Consciousness: The breath of Life
BEHFEGRZzE.: BMer v K52 The Road to Superintelligence: Will we be like God?

-' ANILEGEE., Z2EEFMHF: Aalmem Al Ethics, Security and Trust: Two Sides of the Sword
MEEG: RE LFHWWAT Science and Faith: Two Books from God
fREE AR, AEIE g The Hunger Game for Energy: Man-Made or Created by God?
BRENBELS: et EXEnaE The Complex Networking: Church be the body of Christ
WatE BN Ewmel g FAEEMN: FFWNTEEHwE A | From Newton’s Determinism to Quantum Uncertainty: God’s Predestination
W B iR E and Human Choice

-n SRR E . B EREFEH % R RAHET Misinformation, Disinformation and the Subjective Thinking: In the End of

Days




O ARZEEHA R HEE X

(Large Language Models and How They Reason)

e LIM#Z* (LLM reasoning)
« R ER TTAE  Chain of thought (CoT) and prompt engineering
« BEEAMFA  Supervised finetuning (SFT)
« HERAEEAEE (RL) WA Reinforcement Learning (RL) based finetuning
= H7% M Self-consistency
 RE-WIE-A K (RAG) FAEGEEE AT & E  Retrieve—Augment—Generate (RAG) and Agentic Al
= OpenClaw Agents

Q EAW#F| The Bitter Lesson

O HAERAEFBFARELEEZE The World Model and The road to AGI



LLMII 5T 8], i8] 75 (token) B BRI S50 &

) BT RMBETFZmMEM, LMW The Scaling law for training time
Input § Whatis 3 + 2? ] 'lﬁ %E %%ﬂ‘l%% 15\175%%5@%% njzt 5& Normal scale
' KEME 0, HitHE TR
Tokens |What| | is || 3 || + || 2 || ? P P & A 4 A,

o

s PERE
“performance”

(linear scale) | Are we here?

Large Language Model

v o omeue AL — 4 kA
Output E

¥ J&E €12 (The scaling law ) B, 1A [ g8 0932 75 & BV UK 22 & 4 W 356 U8

\ai]

Annotation: XJE

1. Maarten Grootendorst, Exploring language models, https://newsletter.maartengrootendorst.com/p/a-visual-guide-to-reasoning-llms
2. Kaplan, Jared, et al. "Scaling laws for neural language models." arXiv preprint arXiv:2001.08361 (2020).
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H TG E R AR &, AT RE R —F %, BRI A it
& (test—time compute, inference—time compute).

o MR ITELFE AU ETNATE, T2 FEAFEELE S “ B
= ' KEE” (to “think longer” duringinference).

oo, Jyaitimecompute Inference
"Regular’ LLMs |- e-tunir :ﬂ( 2
#
,, o, TFRLLM
HEFE LLM: “Reasoning’ LLMs , -tuning @/ AT

Test-time compute

wmE “BRFZEKME” 2 A% ~LTE (Prompt Engineering)



LLM #EHE . $27R8 T A% (Prompt Engineering)

Input: [ What is 3+27? ] f%?ﬁi/ﬂ\-
Prompts: [Example A:3+1=4 ExampleB:4+3=7 ]4/
Tokens: What} is’3}+|21?1Example|A1m 3] +]1’=|4]Examp|e]8||—:] 4]+’3’= 7}
\ J
|
I EhEn

Context window

Large Language Model

i

s BAIERMENFEAEMGEE (Initation Learning) FVEHE 77 i
o HWETIEAE KLIMATF o e
o TEXMLIMIEATHI| &

Out:



WA RAE T R - HBEFIL

https://suno.com

I o fEmyde: A, B, 248, £4

2. A, WAL EE LA [F9]. [8E
&, (BF E@wHEs#E Suno E A

)
3. EERAKERESL: flaw. “BEXR. BR

gﬁg /rijg\ZEI%%"”
4. B EMF R TR TE
5. WA FE, FRERTETHERENE £

rE:
- o E AR
—- B A R
e

o AE
o B R AU FER S Epic

orchestral worship song)
« &"5E (Choir)
« R4 (Emotional)
o BAA1EVE (About resurrection)
« BT (cinematic sound)

[KEERRE, BTEA

Rlsen over all



[Intro)
SRR AT
CEEKS
= Pnrd
Hoy S i

[Intro]

Grave was still
Stones were cold
Morning broke
Hope took hold

KIEFEEE, BFEAHL> Risen over all by ##%% L https://suno.com

[Verse 1]
WE R F LHETIE
P R AR F 44
(TR0 P L A S 5B
PRIESP ATV ZE R

[Verse 1]

| see the marks in Your hands

| hear You calling my name

Out of the dark of the tomb in

my chest
You are rolling my shame

[Verse 2]

| laid my doubts at Your feet
You laid Your victory on me
Where there was dust and a
heart made of stone

Now there’s a song in my bones

[ Pre-Chorus])
sEREFHTE
PR Y SR E
b —V)sE 5
FRARERTT  FEEDAAEE

[Verse 1 Pre-Chorus]
Who could stand in the way
Of the breath in Your lungs
Every chain in the ground
Starts to tremble and come
undone

[Verse 2 Pre-Chorus]

Who could silence the sound
Of the stone rolling back
Every dead

Buried dream

Breathing in what the darkness

lacked

[ Chorus])

EEE ElES

— VIS ERAT 255

PR R Bl Ry iR
WEEE ElES

P T PR B T NI

i Y EE L BA R A
Hofk wrE 8 B amE s

[Chorus]

You are risen over all

Every prison wall is falling

You have turned my midnight into dawn
You are risen over all

Every fear and grave is calling

Back to dust While | keep standing on
Jesus

You are risen

Risen over all

1. Translated by ChatGPT with prompts: F[ "5, REFEEHFFAEN F XHFAMAK (RARKF+FEER)



WA RAE T R - HBEFIL

https://suno.com RT A e .
LEREBEETRALL>
“Where My Knees Learn Your Name”

is a heartfelt classical crossover ballad that blends
gentle piano with sacred, reflective lyricism.

EE-—ERMERNERE T Ed, UEmKE
ErER, memETNEWIGEAERE. Jobme—
BB 2 E A EWRE——R SRR E R, Rt m
AR B A5 %

EZFARNERRFERBFNEEZH, LB
SR, REBHEEM R, Wi5m—ERZWEE:
B e NERV B 27, MR RAEATE,

Bk s, RREZHWEA, EHWRHRAH
SN —Z2——ERWMEME, BOBREE; EALOK
PR, EREEGTFRMNEL,

Where My Knees

Y ()
,Lc’a/"n., Your Vame |
classical ¢r

ossover, ballad, sacred




LLM FEFE . $7~ TF%2 (Prompt Engineering)
WA REHEEESGE - BALENL

£#€26:12

£#€26:13

1€26: 14

1#€26: 15

1€26: 16

7€26:17

1€26:18

Ak, WETRERNERIGS, EAFEE,

M, RERL, WraEFix, FRRREN, WH
IR, WHEFRTERFETHA.

KA M e, BB IR A B TR A (0 OREE 1 RR

“RAE! WE! REFEER? IR MG R T !
Tk “EW, FEE? T EHK: “REENTEE
HY HI

RRRIEZE, KAERETER, BRIFEAE, FL
o, MR E R e R B A T IR Y AR B R

AL B MR BE B AEA AN A BT

KREMEMMAAR S, EYFIVRESH, KEE
PEREOCH, ERERTERMA; XEEREXME,
TR ENARREX, 7

~ epphyereupon as I went to Dapye 2~
' u;ﬁ?n authority and commissiop £, .
chyief priests. (Acts 26:1> K7y) B |

2 [




ERLLMFEFE M. B 4E%E Chain of Thoughts (CoT)

Hh[R) 28 5% /3R] JT
Input Intermediate steps/tokens Output

&\ FEFH Reasoning e

BRHESEE—RVWEESE, e & &
# %%, a chain of thoughts (CoT).

772 5 I% (Reasoning steps) KT A2 - & E /1
¥ M aviEE (structured inferences ).
¥4 A (paradigm) M| 2Bt & (training-
time compute ) ¥ F#EFE (R BTITE, test-

time compute )

1. Ling et al., “Program induction by rationale generation: Learning to solve and explain algebraic word problems, ACL, 2017.

2. Chen et al., “Compositional generation via neural-symbolic stack machines”, NeurlPS, 2020.

lu—lﬁrjyhn I_I_M S
“Regular”’ LLMs

[ Question J

“FEFE” LLMs
“Reasoning” LLMs

[ Question ]

Large Language Model

7
| Answer

/‘

arg max P(final answer|problem, 6)

arg max P(reasoning, final answer|problem, 9)

3. Maarten Grootendorst, Exploring language models, https://newsletter.maartengrootendorst.com/p/a-visual-guide-to-reasoning-lims

“Reasoning”
Large Language Model

v

[ Thought process 1 ]

[ Thought process 2 ] .
—

reason” before
answering

[ Thought |;rocess n ]

v




Q EAMENLEEELA

1.

LM FEFE 4y el

- A FWELBE

* Trained “thinking” process

o ¥ ~I7F Prompt
engineering
o EiEA A Supervised

Modifying Proposal
Distribution

[ Question ]
v

Large Language Model

[ Thought process 1 ]

fine-tuning

(learning to
“reason” before

answering)

[ Thought process 2 ]

[ Thought process n ]

v

“Reasoning”
Large Language Model

finetuning (SFT)

Snell, Charlie, et al. "Scaling LLM test-time compute optimally
can be more effective than scaling model parameters." arXiv
preprint arXiv:2408.03314 (2024).

U

tramung (input level)

Search against
Verifiers

( Question ]

v
Large Language Model

e

|[RM [[RM | [ RM || RM |

generate
answers

verify

answer
quality l

v
choose

best answer -

Reasoning data
+ Answers

LLM

Modlfylng Proposal Distribution

(learned behavior)

mference (output level)

Search against Verifiers
(found behavior)

Dﬁ%&%ﬁ%%ﬁ

WMREATEERESE

Sampling generations
and selecting the best
answer)

A R SE B A
Outcome Reward Models
(ORM)

18 A2 2 1] A 4 B AR
Process Reward Models
(PRM)

There is no need to
finetune the LLM



== | S
HHELE
In—context
learning!

© N AWN

First, 1+1=2
Then, 2+ 1= 3
Answer: 3

Modifying Pro\aosal Distribution ¥ & Weakness:

Example reasoning prompt
(" )

First, 3 and 1 gives 4.
Then, 4 and 1 gives 5.

| believe the answer is 5.
New question

Q: What is 3 + 2? /\
Thoughts: / _\

Focus on “reasoning” tokens

Answer:

+| What is 2+17? I-}

LLM

—

full prompt

Token probability

(proposal distribution)

Thoughts I

First ||
5
3

s FEAEALRITWHBERINGEEEL HAE
(question, CoT reasoning!2, answer)?:6

« FFRHEHM (Static and linear): 1 207ZE
ERIAFEREMUHN LT X, hZ BRI
£l3E 77,

« % B Rk & (Inhibit self-
refinement): R — (AR gy EHE —
FIR RN, VEFGRYEHESETAE

& IE /i

=il
A AR 57 K78 Dor?tscale
- B ABEE AT blindly

Wei, J., Wang, X., Schuurmans, D., Bosma, M., Xia, F., Chi, E., Le, Q.V. and Zhou, D., 2022. Chain-of-thought prompting elicits reasoning in large language models. Advances in neural information processing systems, 35, pp.24824-24837.
Wang, X. and Zhou, D., 2024. Chain-of-thought reasoning without prompting. Advances in Neural Information Processing Systems, 37, pp.66383-66409.
Kojima, T., Gu, S.S., Reid, M., Matsuo, Y. and lwasawa, Y., 2022. Large language models are zero-shot reasoners. Advances in neural information processing systems, 35, pp.22199-22213.
Maarten Grootendorst, Exploring language models, https://newsletter.maartengrootendorst.com/p/a-visual-guide-to-reasoning-lims
Ling, W., Yogatama, D., Dyer, C. and Blunsom, P., 2017. Program induction by rationale generation: Learning to solve and explain algebraic word problems. arXiv preprint arXiv:1705.04146.

Nye, M., Andreassen, A.J., Gur-Ari, G., Michalewski, H., Austin, J., Bieber, D., Dohan, D., Lewkowycz, A., Bosma, M., Luan, D. and Sutton, C., 2021. Show your work: Scratchpads for intermediate computation with language models.
Zelikman, Eric, et al. "Star: Bootstrapping reasoning with reasoning." Advances in Neural Information Processing Systems 35 (2022): 15476-15488.
Huang, J., Gu, S.S., Hou, L., Wu, Y., Wang, X., Yu, H. and Han, J., 2022. Large language models can self-improve. arXiv preprint arXiv:2210.11610.



H|Z T RERT e e B A
(Learn to reason before answering)

REREUARBERHS

generate training data

e [Question, Reasoning, Answer | 4 | 1 E % EI?& }E Self-tau g ht reasoner

data T

Generate triplet training data

@ i::]Z?::::sg i Correnswer (STa R ) 3
° : T / x = -
woe® [ e ¢ BEBERLNEA, TREATAR

° ] ;é‘_ﬁ:’:\?\ ZK? o B —
(‘question }—» LLM | anower (Reasoning) m/ /\I/?ff—r 33 5 71:71 RAN -
« BEXBEREEAE 6 K BELR

o F LIFE TR (reinforcement
finetuning) iEATIERE

Incorrect answer

False

(

. Question
(e U [y
Generate reasoning only

(“why is this answer correct?”) Provide “hint”

(the correct answer)

1. Zelikman, Eric, et al. "Star: Bootstrapping reasoning with reasoning." Advances in Neural Information Processing Systems 35 (2022): 15476-15488.
2. Huang,J., Gu,S.S., Hou, L, Wu, Y., Wang, X., Yu, H. and Han, J., 2022. Large language models can self-improve. arXiv preprint arXiv:2210.11610.
3. Luong, T.Q., Zhang, X., Jie, Z., Sun, P., Jin, X. and Li, H., 2024. Reft: Reasoning with reinforced fine-tuning. arXiv preprint arXiv:2401.08967.




et = B Em=E A (Search against Verifiers)

— 2001. By Richard Sutton,
Turing award winner, 2025.

“Emsm i A\ T ZIREMIRESE” Verification, the key to Al”

o MRZEEHEA (ORD : FHEAER, WA OTEWBER
o WAEAMEEA (PRM) : FHEFLEEZWHERE
o HENEE (RL) FNZE EEHEAE (ORM, PRM)

Question
[ Question ] [ +]

v
Large Language Model

Large LanguageMOdel } @ —————-———————
———— ; . | Thought process 1 - | PRM > 0.2
| Thought process1 | )

Reasoning steps : Reasoning steps | | Thought process 2 =% [ PRM > 0.8

. | Thought process 2 | : :
(Thought process n [ Thought process n J=| PRV [ O
"""""""""""""""""""""""""""""""""""""" Final answer

m ORM > 0.8 (not scored) m
........................ e

1. Maarten Grootendorst, Exploring language models, https://newsletter.maartengrootendorst.com/p/a-visual-guide-to-reasoning-lims
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i deted =2 Bl =5 (Search against Verifiers)
o WAZZEENEA (PRM) # 2: i s tE N {EAk A (Weighted Best-of-N samples)

[ Whatis1+1? ]
v

I Large Language Model

Thoughts| |Thoughts| |Thoughts| |Thoughts| |Thoughts| |Thoughts| |Thoughts
Generate n answers
(each with reasoning steps) =

PRM||PRM||PRM|[PRM||PRM| | PRM | | PRM

IR AR
0.3 0.9 0.2 4 0.6 01 0.8
o

Aggregate scores n n
09+04+06=19 —p
(Weighted Best-of-N)
n 03+02+08=13 choose highest
scoring answer

1. Maarten Grootendorst, Exploring language models, https://newsletter.maartengrootendorst.com/p/a-visual-guide-to-reasoning-lims
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LIV ZRY HHE 35 PR 4 2 B e o

(EF

« BHE > EEHE
» BUEE XWRBIEIE > A TR BB X A
- B geEmsisEs > E—5F

B
s BZEZERE, ZHEELT
R R =M E (Agentic Al with RAG? database)

;F%F}F:X@ I (Context window) A/NEIBLIMF 7| & & (sequence length) #Y

fEE TR B LT XE0; #EATEER (recursive) sE 5 = A!

e T

1. "Rec e Language Models." arXiv preprint arXiv:2512.24601 (2025).
2. RAGRt e, Augment, Generate &% ~ #&78 ~ A2k



ARFE A (Agentic) Al

ReAct-style Loop

RRB: BRI (self-refine) H K E

(reflection)

-THMEH (Tool): REEHFE =

'ﬁ%] (Plan) : /\\\E&‘fﬁ BB, BRE
P,

S REBWE: BR, #RLsF. BHE

https://blog.dailydoseofds.com/p/5-agentic-ai-design-patternshttps://www.deeplearning.ai/the-batch/agentic-

design-patterns-part-2-reflection/?utm_source=chatgpt.com
https://www.analyticsvidhya.com/blog/2024/10/agentic-design-patterns/
https://tzamtzis.gr/2024/coding/ai-agentic-workflows-by-andrew-ng/

S Most Popular
Agentic AL
Design Patterns

/ -
1) Reflection Pattern
User (— )
5@ (@
L R b4
=1 =] <«------]| um |
Response : (Generate) |
A 4
— -7 TN p—
p— '\Ifem?e | f—

Reflected output

-~ (/

Initial output

P

A I
Lo I
fo\So . . . o
‘ \Q% Jjoin.DailyDoseofDS.com
— - J
Y A
2) Tool Use Pattern 3) ReAct Pattern
6 Agent
User
3 - @B - & -
= BB e
: — (Reason) \| \
— I Tool N _/ |
— | calling — L
S v =
ReSponsz Action ;
Vector REbeDe —
:
S — == | (__Reiml_
LLM Tools & S
(Generate) <> o L (Gelr-\tx:fe) Environmean
\ ) )
R A N

User

4) Planning Pattern

Planner
g% -2
Query s

Response

lNO

Generated tasks

1 Execute
| single
¥ task

ReAct
Agent

S) Multi-agent Pattern




e OpenClaw £ —HA M U2 608 (AT agent) ATEEBEFL, TAZET—HE S LNl T LY
iR AR A Crustacean

* OpenClaw S H it ZF R BE R ub ey B SE = R AR, HEF = 4 AH.

s NEHEF UGEMAIZERE, ERARABMATEGRELSGEETE EEMH
Py S R I E Y,

e OpenClaw F 8 12— &, ##EA 1505 (8% L8 (Al agents) HH A X it

HEAM AT Agents B :
. Fr#o, BHCEHF. P LA L N S S S

REFBRTFRRANw. FEFEANECTLERR.

Developed by Peter Steinberger

5% fit — B YouTubesE & EENHETHHNE

-}
& JFWhatsApp, WeChat,

(—> Human

EAT FEEDOHWER = & PPT ZE4 Video ;Kg;we : Line 2 3 25 i
§8 8
Rk E &R g, 85, EHETEHD

4‘%‘
m




OpenClaw &2 /XA Al

2 A ¥ OpenClaw @ ESHEE
WhatsA T |
e |—| - RERG® - Claude
e . EBEBRE GPT
Discord - . FERMKNE L Carics
a emini
Web Ul ! ; .
’ >
AT AS BRI ERR L = I/ 1 U

e OpenClaw#Al Agent® F =& LLM By 4
« OpenClawtyBRER A2 ik & i KB 5 = A (LLM) BV &8 77

. https://www.youtube.com/watch?v=2rcJdFuNbZQ&t=4016s



How does OpenClaw Agent Know itself?

...

»

|

Question:

TR AT B 4 5

« OpenClaw /# [ 78 # % 2| R 4t

Markdown (system. md) ¥ Z 4 & 7~

« A&, LIMREFE R EIE A

oW
(%s{\

Local

Cloud/Local

OPenClaw
Agent

System md:‘

¢ SOUL.md
* IDENTITY.md

* USER.md
* MEMORY.md

* AGENTS.md
e SKILL.md
e TOOLS.md

LLM

A

Prompts:
IDENTITY + Question




How does OpenClaw Agent Use your PC?

Question:
o FC:/tempF B question.txt S {4 - [0 & A B FC:/temp/answer.txt 1

> Action: Read (C:/temp/question.txt)

/()A()\ - Answerl: &K KFEEH 2 -

OPenClaw | [tool _use] Read (C:/temp/question.txt) «—
% Agent
Local
— System prompt + Question » LLM
f
System.md ¢ SOUL.md _

« IDENTITY.md Read (C:/temp/question.txt)
e USER.md Answerl: < KK Sa EEEE 2
* MEMORY.md
e AGENTS.md
e SKILL.md

¢ TOOLS.md



o Question:
FC:/tempF ] Bequestion.txt X {4 » [B]Z [ REZ B £ C:/temp/answer.txt 1

Action: Check (https://www.weather.com)

/\ /\ ¢ Answer2: ~N4-3:30pmFH%AE N FR
0.0\ °
OPenClaw
T <— [tool _use] Check (https://www.weather.com)
% gent
Local
— System prompt + Question + Read + Answerl — LLM
?
System.md ¢ SOUL.md _
e IDENTITY.md Read (C:/temp/questlon.tx‘t)
* USER.md Answerl: <K R R/ETEEE ?
* MEMORY.md Check (https://www.weather.com)
e AGENTS.md Answer2: [“f-3:30pmR %5 R
e SKILL.md

 TOOLS.md



e Question:
FC:/tempF ] Bequestion.txt X {4 » [B]Z [ REZ B £ C:/temp/answer.txt 1

Action: Write(Answer2, C:/temp/answer.txt)

DY -
SN i u— [tool_use] Write (C:/temp/answer.txt) <
% Agent - ' P '
Local
— System prompt + Question + Read + Answerl + Check + Answer2 — LLM
?

OpenClaw JCFTHATAEAT shell System.md * SOUL.md | |
command 54 E.FE system.md e |DENTITY.md Read (C./temp/questlon.txf)
OpenClaw agentu] DL#; H A AgentEER e USER.md Answerl: S K KRR ©
o) md files * MEMORY.md Check (https://www.weather.com)
[tool use] Exec(“rm —rf *”) .
- recursive » AGENTS.md Answer2: [F3:30pmB46 [ PR
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